A new method for extracting common themes from written text is introduced and applied to 1165 open-ended self-descriptive narratives. Drawing on a lexical approach to personality, the most commonly-used adjectives within narratives written by college students were identified using computerized text analytic tools. A factor analysis on the use of these adjectives in the self-descriptions produced a 7-factor solution consisting of psychologically meaningful dimensions. Some dimensions were unipolar (e.g., Negativity factor, wherein most loaded items were negatively valenced adjectives); others were dimensional in that semantically opposite words clustered together (e.g., Sociability factor, wherein terms such as shy, outgoing, reserved, and loud all loaded in the same direction). The factors exhibited modest reliability across different types of writing samples and were correlated with self-reports and behaviors consistent with the dimensions. Similar analyses with additional content words (adjectives, adverbs, nouns, and verbs) yielded additional psychological dimensions associated with physical appearance, school, relationships, etc. in which people contextualize their self-concepts. The results suggest that the meaning extraction method is a promising strategy that determines the dimensions along which people think about themselves.
Introduction
In a job or clinical interview, meeting an office mate for the first time, or talking to someone at a party, we usually ask others to tell us about themselves. Directly or indirectly, we elicit people's descriptions of themselves to construct a coherent sense of them. With the exception of a small group of social and personality psychologists, most people consider free descriptions as the currency of everyday life. From the media describing politicians and celebrities, reference letters, or through casual observation and gossip, much of what we think and know about others is shaped by everyday descriptions of them.
Although free descriptions are the natural form of appraising what people are like, most formal personality assessment methods use itemized questionnaires. With statistical methods, questionnaires make it easy to summarize people's personality trait levels, to make comparisons across respondents, and to generalize across groups. With a common vocabulary of personality factors, it is easy for researchers to communicate with one another about the major dimensions of personality that are associated with a variety of behaviors. A recurring criticism of trait level questionnaires, however, is that they often present difficulties in ecological validity; responses are often constrained to numerical value judgments of experimenter-defined traits.
Here, we introduce a new method aimed at resolving the tradeoff between ease of data management and ecological validity. We describe an automated meaning extraction method to examine the self based on people's free descriptions of who they think they are. Using computerized text analytic tools, the words people use in open-ended selfdescriptions can be counted, correlated, and factor analyzed in a way that makes it possible to capture the dimensions along which people think about themselves.
Distilling personality from language: The lexical approach to personality
Following from the idea that language is important to the description of personality, Allport and Odbert (1936) embarked on the lexical approach to personality. The lexical approach assumes that all of the important ways in which individuals differ are represented by words. Allport and Odbert combed through an English language dictionary to find a total of 17,953 terms referring to individual differences. To reduce this list into a manageable set of major dimensions, continual refinements were made to the original list, culling for ambiguity, obscurity, obsolescence, redundancy, purely evaluative terms, temporary states, physical traits, and other considerations (for a review, see Goldberg, 1982) . The list was further reduced statistically by performing a cluster analysis on selfand peer-ratings of the terms, with adjectives as the preferred unit of speech. The list of person descriptors came to focus primarily on adjectives, which vary in degree and kind as traits do (Saucier & Goldberg, 1996) .
The most reliable orthogonal factor structure derived from the lexical approach across various word lists and across cultures is a set of factors called the Big Five which include: Extraversion, Agreeableness, Conscientiousness, Emotional Stability or Neuroticism, and Intellect or Openness to Experience (Goldberg, 1990) . There are several self-report personality inventories that capture these factors such as the NEO-PI-R (Costa & McCrae, 1992) , the Big Five Inventory (BFI; John & Srivastava, 1999) , and the Ten Item Personality Inventory (TIPI; Gosling, Rentfrow, & Swann, 2003) . For these scales, respondents are required to rate the degree to which a set of adjectives or attribute statements describe their personalities. These scales are reliable, and have been validated in multiple ways (Saucier & Goldberg, 2001 ).
However, a number of criticisms have been leveled at the Big Five. First, varying trait variable selections, by inclusion of evaluative or temporary state terms, for example, have resulted in factors that partially resemble, amalgamate, or are beyond those of the Big Five (for a review, see Paunonen & Jackson, 2000; Saucier, 1997) . Second, there have been no factor analyses on trait lists compiled from actual high frequency usage in everyday language. Specific attempts have been made to include only those attributes rated as highly familiar by a series of judges, resulting in a factor structure much like the Big Five (Saucier, 1997; Saucier & Goldberg, 1997) . However, it is not known how closely judges' ratings correspond to actual frequency usage. Third, the lexical approach to personality shares some of the same problems that come with any nomothetic self-report measure (for a review, see Block, 1995) . With standardized check-lists and rating scales, researchers are able to define the variables of interest and have participants rate themselves on these dimensions in order to determine varying trait levels between individuals. However, these self-report measures have been criticized for being able to predict only some behaviors some of the time, partly due to the fact that only a subset of the measured traits are relevant to a person's self-concept (e.g., Bem & Allen, 1974) . Trait relevance has largely been ignored in the scientific study of personality (Lamiell, 1981) .
Put another way, personality consists of ''havings'' and ''doing'' (Allport, 1937) . Traditional personality scales capture personality as ''having'' particular traits but they do not capture personality as ''doing'' (Cantor, 1990) ; most traditional personality scales do not capture the cognitive generalizations that organize and guide the processing of self-relevant information (Markus, 1977) .
Capturing dimensions of thinking about the self: The cognitive approach to personality
One way to capture the cognitive processes at play in thinking about the self is to simply ask people to describe themselves. Although the notion that language determines thought is outdated, current experimental studies have shown that language can be considered a mechanism for ''thinking'' (Slobin, 1996) . The way language is used tells us much about what our minds attend to, how they associate objects and events, what attributions are made, etc. The patterns of words that are used in a self-description might reveal the content and categorization of the self along various dimensions. ''[George Kelly's] plea, one shared with Gordon Allport, was that if we wanted to know what people were on about, ask them, and they might just tell us.'' (Little, 2005) . Kelly's (1955) theory of personal constructs proposed that individuals construct their interpretations of the world based on past unique experiences and use these schemas to guide them through the world. Personal constructs represent the salient, chronically activated dimensions along which an individual's perception and behaviors are influenced. Markus (1977) built on Kelly's work by showing that self-schemata guide information processing about the self. Measured by trait-level extremity and trait importance ratings, self-schemata enabled people to respond to personality items with shorter latencies in response to attribute relevant information than to attribute irrelevant information, to generate behavioral instances related to one's self, and to make individuals resistant to counterschematic information. More recently, Robinson (2004) found that trait levels do not lead to quicker judgments of trait-related words, but for judgments with long response latencies, there is a high correspondence between trait levels and judgments. His research suggests that trait levels on traditional self-reports might serve as a 'fill-in' belief system that kicks in when our more automatic system fails to respond (Robinson & Oishi, 2006) .
Much of the cognitive approaches to personality, then, involve the measurement of trait relevance, either through reaction time (e.g., Robinson, 2004) or idiographic measures with some structure (e.g., Kelly, 1955; Kenrick & Stringfield, 1980) . Although reaction time measures provide evidence for the cognitive processes in self-schemata and enable the ease of comparisons across individuals, what is lacking is a description of individuals (Lamiell, 1981) .
Despite its intuitive appeal, the open-ended nature of idiographic assessments has kept it in the shadows of personality psychology. As with any idiographic approach, analyzing idiosyncracies in responses requires elaborate coding schemes, along with multiple trained raters. The natural variance in the degree of creativity and willingness to disclose about particular topics creates unwanted variability in the number and kinds of ideas that a researcher must analyze. There is no need for open-ended data if the goal of the researcher is simply to answer a specific question about a particular concept known to the researcher (Chaplin & John, 1989) .
When self-generated adjective lists (e.g., Chaplin & John, 1989; Grice, 2004; Schiller, Tellegen, & Evens, 1995; Westen, 1996) or completely open-ended self-descriptions have been used (Bromley, 1977; Donahue, 1992; Fiske & Cox, 1979; McGuire & PadawerSinger, 1976; Peevers & Secord, 1973; Prentice, 1990) , the words or statements have been classified according to the Big Five or other imposed trait structures. These studies have shown that the adjectives people use in ordinary self-descriptions can be classified into the Big Five categories that are used by researchers. But this does not mean that these are the salient dimensions along which lay people would naturally classify their attributes, traits, and behaviors.
Imposing a trait structure onto open-ended responses detracts from what the idiographic approach has to offer: the unique perspective of the individual. By using an idiographic approach through free response formats, subsequent behavior ratings have been shown to be more valid, presumably through the activation of relevant self-knowledge (Claeys, de Boeck, van den Bosch, Biesmans, & Bohrer, 1985) . Similarly, unstructured interviews allow for 'weak' rather than 'strong' situations, allowing for behavior to vary more widely and to be more informative (Blackman & Funder, 2002; Ickes, Snyder, & Garcia, 1997) . Despite its potential for illuminating lay perspectives, and for improving the validity of personality research, free response formats remain undervalued and underused.
Describing people by the ways they think: The meaning extraction method
The lexical approach uses rigorous statistical methods to reduce personality to scores on a few broad variables. Its key strength is generalizability but its weakness is the loss of information about any given individual. On the other hand, the more open-ended nature and individualized measurement in an idiographic approach yields data that are unmanageable and difficult to generalize across individuals. In this paper, we wed these two approaches to examine how an imposed trait structure differs from a naturally-occurring system when people describe themselves. Is the structure that people naturally use in describing themselves amenable to a lexical strategy that is objective and, to some degree, nomothetic?
Our approach relies on a relatively simple factor analytic approach to people's natural language. Basically, we ask large groups of people to describe their personality in an open-ended way. The most common words used across all of the self-descriptions are then tabulated for each person's essay. Imagine, then, that we create a matrix of the 800 most commonly used words (excluding function words like pronouns, prepositions, etc.) across the top with each person's self-descriptive data down the side. The matrix contains 1's and 0's reflecting if each word is or is not used in that particular essay. Now imagine that we compute a factor analysis on the matrix. The resulting factors will tell us which words tend to clump together. Indeed, as described in the methods and results section, these factors reflect meaningful groups of words or themes.
From a personality perspective, the meaning extraction method assesses personal concerns (McAdams, 1995) . The word factors reflect how people are structuring their worlds-how they are thinking about themselves and other salient topics of self-relevance. What distinguishes this approach from traditional self-report measures is that it is purely inductive; participants write whatever they think is relevant to themselves, and the computer simply calculates the degree to which their words form semantic clusters.
Only recently have developments in automated tools for analyzing language allowed researchers to explore natural language in efficient and reliable ways (Graesser, Gernsbacher, & Goldman, 2003) . Combining these tools with statistical techniques, it is possible to extract patterns in language and relate them to theoretically meaningful psychological constructs (for a review, see Pennebaker, Mehl, & Niederhoffer, 2003) . We can now efficiently analyze open-ended self-descriptions, guided by the logic and statistical methods of the lexical approach. Our meaning extraction method shares many features with Latent Semantic Analysis (LSA; Foltz, 1996; Landauer, Foltz, & Laham, 1998) . LSA examines the similarity between texts with singular value decomposition on the occurrence of key content words in a text. Related methods, and especially variants of components analyses, have been instrumental in providing intuitively comprehensible word categories in text analyses (e.g., Väyrynen & Honkela, 2005) .
If the goal of the lexical approach to personality is to build a taxonomy of the major underlying personality dimensions, examining the words we use in everyday life to describe ourselves may be a good place to start to build a taxonomy of the major dimensions along which people think about themselves (Peabody, 1987; Tellegen, 1993) . By sampling from the most frequently used adjectives in self-descriptions, we build on the capabilities of several automated language tools and principal components analysis to extract major themes in open-ended self-descriptions. In this paper, four broad questions will be addressed:
(1) What are the basic dimensions of self-concepts based on adjectives in open-ended selfdescriptions? Since the frequency of attribute use in a language tends to correspond with the relative importance of that attribute, a persistent goal in the lexical hypothesis has been to examine only the most commonly used set of adjectives in natural language (Saucier & Goldberg, 1996) . However, previous studies have not examined personality descriptions in everyday natural language to determine the important attributes that comprise the basic dimensions of self-concepts due to the limitations posed by text analyses. The present study examines actual high frequency usage of a wide selection of adjectives in open-ended self-descriptions with a word frequency ranking tool, WordSmith (Scott, 1996) , and a word counting tool, Linguistic Inquiry and Word Count (LIWC; Pennebaker, Francis, & Booth, 2001) . A principal components analysis was performed on the use of each of the most commonly used adjectives to see how they naturally co-occur in self-descriptions. This text analytic procedure is called the Meaning Extraction Method.
In order to have participants to focus less on any extraneous circumstances during the task, and to focus more on the writing topic (the self), respondents were asked to first attend to themselves through the use of a self-awareness manipulation (Duval & Wicklund, 1972) .
(2) What are the psychometric properties of the self-concept dimensions? Previous attempts at deriving the basic dimensions of personality have resulted in slightly varied factor structures due to trait selection procedures. Clearly, it is crucial to ensure that our factor structure is not simply an artifact of the adjectives from our specific sample of self-descriptions and to show that our factor structure is reliable across a slightly different method of adjective selection. Therefore, a similar analysis was conducted using the most frequently used adjectives in Saucier's (1997) selection of high-familiarity adjectives. That is, the patterns of use of Saucier's high familiarity adjectives in the same sample of self-descriptions were assessed using a similar factor analytic procedure. To the extent that our resultant factor structure represents the salient, chronically activated and dispositional aspects of the self, we would expect to find reliable word usage for each factor in stream of consciousness essays written by the same group of participants a couple of months apart. A reliability analysis of the factor structure was performed on word usage in the selfdescriptions and in stream of consciousness essays.
(3) How are the self-concept dimensions related to other known self-report measures? Quantification of attributes typical of personality questionnaires have allowed for them to be related to other measures with ease. Idiographic approaches, on the other hand, are generally more descriptive in nature and have therefore been difficult to relate to other quantitative measures in psychology. In order to demonstrate the relations of lay self-concept dimensions derived from the meaning extraction method to established personality traits, regression-based factor scores will be calculated for each of the dimensions extracted from free response formats. These regression-based factor scores will be correlated with scores on the Big Five dimensions and other personality and demographic measures.
(4) To what degree do the adjective-based self-concept dimensions overlap with dimensions from a similar analysis based on all content words? Both nouns and verbs have been shown to carry dispositional meaning (Hofstee & Van Heck, 1990) . Nouns can clearly denote roles or types of people, and from them, we may be able to infer more about personality than from other parts of speech (de Raad & Hoskens, 1990; Saucier, 2003) . Even verbs and adverbs convey dispositional meaning (de Raad & Hofstee, 1993; de Raad, Mulder, Kloosterman, & Hofstee, 1988; Semin & Marsman, 1994) . In the English language, there are more person-descriptive adjectives than person-descriptive nouns, with a higher proportion of nouns carrying a negative connotation, and nouns having a higher proportion of slang words (Goldberg, 1982) . As such, the bulk of lexical research on personality has focused on adjectives.
It is likely that when participants describe their self-concepts, they mention things other than their stable dispositional traits that they see as central to their personality (Epstein, 1973) . For example, childhood, pets, belongings, role models, or groups have been found to be important to one's identity (Csikszentmihalyi & Rochberg-Halton, 1981; Kihlstrom et al., 1988) . Furthermore, behaviors (Allport, 1961) , along with past and future acts, goals, and selves have been shown to be important to the self and identity (Cantor, Markus, Niedenthal, & Nurius, 1986; Higgins, Klein, & Strauman, 1985; Ross & Buehler, 2004) . To demonstrate what the factor structure of open-ended self-descriptions would look like with all of these content words considered, a similar analysis was carried out on all content words (i.e., adjectives, adverbs, nouns, and verbs).
Methods

Participants
College students enrolled in introductory psychology classes of one of the authors completed a variety of writing assignments over the semester as part of a class assignment. The responses of students from three consecutive years (2002, 2003, and 2004) were combined, resulting in a sample of 1430. Of these, 180 (12.6%) failed to turn in the target assignment, which was an online self-description essay. An additional 73 (5%) did not give consent to allow the authors to analyze the essays with all identifiers removed. Finally, six of the selfdescriptive essays did not have a total word count of at least 100 words, suggesting that they had not taken the 20 min self-description writing task seriously, and so were excluded from the sample. The final sample was composed of 1165 students, with a mean age of 18.7 (SD = 1.64) of whom 61.0% were women.
Measures
In addition to the target self-description essay, participants also completed a stream of consciousness essay as well as various questionnaires over the course of the semester. The stream of consciousness essay was a class exercise that was available online wherein students were asked to track their thoughts as they occurred for 20 min (see Pennebaker & King, 1999 for a detailed description and psychometrics of the method). Of the students who completed the self-description essay, 1104 completed the stream of consciousness essay. The mean word count for the stream of consciousness essays was 798.3 words (SD = 248.7). Note that the stream of consciousness assignment was due during the first 3 weeks of class and the target self-description writing assignment was due approximately 2 months later.
Demographic information, grades for the class, self-reported SAT scores, the Big Five Inventory (BFI; John & Srivastava, 1999) and the short form of the Beck Depression Inventory (BDI; Beck, Rial, & Rickets, 1974) were collected as part of their introduction to the various topics in psychology. Most questionnaires were available online and, when participants completed them, they received feedback about their score and a description of the scales and how they worked. Because different students were absent or chose not to complete specific questionnaires on different days, sample sizes for the different measures vary.
Procedure
As part of a class exercise on self-reflection, students completed a 20 min writing exercise on the class webpage during the last 2 weeks of the semester. The writing instructions elicited attention to important aspects previously theorized and found to be important to self-concepts including possible selves and others' perceptions of the self (see Cantor et al., 1986; Epstein, 1973; . In order to emphasize the focus of respondents to the self as an object of reflection, a self-awareness manipulation using a mirror was used (Duval & Wicklund, 1972) . The online instructions read:
For this writing assignment, you will need a mirror. If you can, put the mirror next to your computer. If this isn't possible, go find a mirror and stand in front of it. Before you begin writing, gaze at your image for several minutes and think about who you are. The goal of this writing assignment, then, is to look at yourself and to think about who you are, who you have been in the past, and who you would like to be. Gaze into your own eyes, look at your face. See yourself as others see you and as how you see yourself. While looking at your image, think about where you are in your life, your connections to others, and who you really are. After closely examining yourself in the mirror for several minutes, return to your computer and write about who you are.
When they were ready, participants clicked a link on the screen that started a 20 min timer presented on the writing webpage, which included a large blank text field for typing. Individuals were told that they must write for the full 20 min and that they should write during the entire time. An automated message flashed onto the screen indicating when 20 min had passed and that participants could finish typing or continue if they wanted. Participants used a randomly-assigned unique class code as an identifier, which linked their individual responses to the measures noted above. Their grade was dependent only on completing the assignment; content was not considered.
A sample of the self-descriptions can be read in Table 1 . The self-descriptions were personal and greatly varied in style. Many commented on their appearance, their worries, their past and future roles, the effects their behaviors had on their social networks, and others' appraisals of themselves among other concerns. From this small sample of selfdescriptions, it is clear that students took the assignment seriously and felt free to disclose even highly sensitive topics.
Text analytic strategy
Each of the self-descriptions collected from the class webpage was formatted as a single plain text file. The analyses were initially conducted for each class separately (2002, 2003, and 2004) . However, because the most frequently used adjectives in each of the years were so similar, the final analyses presented below were conducted with data collapsed across classes.
Use of text-based adjectives
In order to determine the most frequently used adjectives in the self-descriptions, frequency counts were taken of all words, excluding closed-class or function words (e.g., articles, auxiliary verbs, prepositions, pronouns, etc.), using a computerized word counter, WordSmith (Scott, 1996) . Adjectives were chosen as a basis for deriving structures of self-concepts as prescribed by the traditional lexical approach (Saucier & Goldberg, 1996) . Only those person-descriptor adjectives used in at least 3.0% of all self-description text files were considered in order to roughly meet the multiple variables to cases ratio guidelines for factor analyses (For reviews, see Arrindell & van der Ende, 1985; MacCallum, Widman, Zhang, & Hong, 1999) . From this list, any words that were not adjectival person descriptors, including quantitative modifiers (e.g., few, some), intensifying adjectives or adverbs (e.g., much, very), and spatial or temporal adjectives (e.g., low, past) were excluded. Also, proper adjectives, capitalized adjectives derived from proper nouns (e.g., American, Asian, Christian), were excluded. A total of 88 adjectival person descriptors were retained for further analyses.
Once the adjectives were identified, each was counted separately within each essay using a feature of the text analysis program Linguistic Inquiry and Word Count (LIWC, Pennebaker et al., 2001) . LIWC is a software program that assesses the occurrence of a word or a That's what they say. I have a small forehead and to me that means I am not witty or intelligent. My teeth are gapping. Could it be the smoking?. . .
7
. . .People expect me to maintain this ''perfect'' image they have of me. It makes it hard to be myself a lot of the times. If I get upset, or cry, or yell, or forget something, others get extremely upset with me when if anyone else did this it wouldn't matter to them. I hate this. I feel I have to be a Barbie doll a lot of the times. Because I have always made all A's, been popular, friendly, and willing to do things for others, if I ever ''slip'' people look at me like something is terribly wrong. I feel constant pressure to do what others expect of me and it makes me tired a lot of the time. . . category of words in text files. A user-defined dictionary directs LIWC as to which words or categories of words to search for. A dictionary containing each selected adjective was compiled for LIWC. Each adjective (e.g., funny) and, if possible, associated comparative (e.g., funnier) and superlative (e.g., funniest) forms comprised its own LIWC category. The self-descriptions were assessed for use (coded as 1) or absence (coded as 0) of each of the adjective categories in the LIWC dictionary. The final data summary, then, can be thought of as an 88 (adjectives) by 1165 (participant essays) matrix with each entry referring to the presence or absence of each adjective within each essay.
Use of Saucier high-familiarity adjectives
As noted in the introduction, there are at least two concerns of using the text-derived adjectives. The first is the subjectivity of defining an appropriate set of adjectives in the first place. The second is that the domain of adjectives ultimately selected is limited to the texts themselves. As a comparison to this approach, separate counts of Saucier's (1997) high-familiarity adjectives were made. Saucier's (1997) adjective list consisted of 500 adjectives rated by judges as frequently being used to describe a person, with an additional 25 to represent the major Big Five markers. Of these 525 adjectives, only those adjectives used in at least 3.0% of all the self-descriptions were considered for inclusion as a category in a separate LIWC dictionary. Overall, 119 Saucier adjectives were retained for further analyses. For this dictionary, each adjective (e.g., lazy) and, if possible, associated comparative (e.g., lazier) and superlative (e.g., laziest) forms comprised its own LIWC category. The self-descriptions were assessed for use or absence of each of the adjective categories in the LIWC dictionary. The final data summary, then, can be thought of as a 119 (adjectives) by 1165 (participant essays) matrix with each entry referring to the presence or absence of each adjective within each essay.
Use of all content words: Nouns, regular verbs, adjectives, and adverbs
In order to determine the most frequently used words in the self-descriptions, frequency counts were taken of all words, excluding closed-class words (i.e., pronouns, prepositions, conjunction, articles, and auxiliary verbs) using WordSmith. Only those root words used in at least 3.0% of all the self-description essays were considered for inclusion as a category in a separate LIWC dictionary. For this dictionary, each category consisted of a word (e.g., support), and all forms of its root word that could be produced using an alternate prefix (e.g., supportable, supported, supporter, supporting, supportive, supports, etc.), whether or not the alternate form appeared in at least 3.0% of all the self-descriptions. The self-descriptions were assessed for use (coded as 1) or absence (coded as 0) of each of the root word categories in the LIWC dictionary. The final data summary, then, can be thought of as a 501 (words) by 1165 (participant essays) matrix with each entry referring to the presence or absence of each word category within each essay.
The meaning extraction method
As noted above, our language-analytic strategy assumes that groups of words naturally co-occur in meaningful ways. A person with weight as a prominent part of his self-concept is more likely to habitually attend to, elaborate on, and easily categorize and access thoughts related to weight (e.g., Cantor, 1990; Markus, 1977) . Accordingly, we assume that this will be reflected in more spontaneous uses of weight-related words like diet, fat, and chubby than someone who never thinks about weight. A particularly efficient way to determine the degree to which groups of words cluster together is to rely on a factor analytic approach. For each of the three word by essay matrixes, simple principal components analyses using varimax rotation were performed.
It should be emphasized that the analysis of word usage is fundamentally different from correlations and factor analyses of self-reports. For example, virtually all words have a modal use of zero. In the meaning extraction method, because all matrix entries are binary, the numbers that are analyzed simply reflect whether or not each participant used each of the words in the dictionary. Consequently, in the text-based adjective analyses, the principal components analyses were based on the correlation matrix of the 88 adjective occurrences across the 1165 participants' essays. Note that the assumptions underlying this approach are congruent with those in latent semantic analysis (Landauer et al., 1998) , computational modeling of semantic spaces (e.g., Buchanan, Westbury, & Burgess, 2001) , and other approaches to explore natural language patterns (e.g., Graesser, Cai, Louwerse, & Daniel, 2006; Graesser, McNamara, Louwerse, & Cai, 2004) . Although we report the results from principal components analyses with varimax rotation, virtually identical results were obtained using principal axis analyses and with promax, oblique, and equamax rotations.
Results
The goal of this research was to determine if the meaning extraction method yields a meaningful, coherent, and useful way of thinking about the self. Each of the four broad questions raised in the introduction are addressed separately. A principal components extraction with varimax rotation was first performed on the most frequently used adjectives from the large sample of self-descriptions. Diagnostic tests indicated that a factor model was appropriate for the data (KMO = .55, Bartlett's test of sphericity = 5791.36, p < .001). The resulting components will be referred to here as factors. Based on a scree of eigenvalues for the principal components analysis (Cattell, 1966; Stevens, 1992) , seven factors were extracted. The first seven factors accounted for 14.7% of the total variance. Although this percentage is small for most factor analyses of questionnaires, it is not the case for natural language use. Considering the generative nature of language (the multitude of ways that ideas can be constructed and the number of synonyms that can be substituted for a word), 14.7% of the total variance in adjective use across 1165 essays is remarkably high. Factor loadings of .20 or higher were retained.
As can be seen in Table 2 , each of the 7 factors brings together a group of adjectives that are psychologically meaningful and coherent. Intuitively comprehensible word patterns were captured by this meaning extraction method, despite the fact that the data (actual word use in open-ended self-descriptions) have different ranges and distributions than that of typical Likert-scale ratings.
Closer inspection of the factors reveals that the language-based dimensions are constructed in one of two ways. Approximately half of the factors are reminiscent of Kelly's dimensional thinking associated with personal constructs. That is, semantically opposite terms tend to load in comparable ways. For example, the highest loaded items on Factor 1, which we have labeled Sociability, include quiet, shy, outgoing, reserved, comfortable, open, friendly, and insecure. The data suggest that the more a person uses the word shy, the more likely they are to use outgoing. Similarly, items on Factor 2 (Evaluation) include ugly, fat, attractive, beautiful, nice, smart, stupid, special, lazy, and cute. Factor 4 (Self-Acceptance) includes a similar group of semantically opposite words. The other factors are more congruent with traditional trait-like dimensions wherein the majority of items are scored in a similar, unipolar way. Factors 3 (Negativity), 5 (FittingIn), 6 (Psychological Stability), and 7 (Maturity) are generally composed of similarly-valenced items that are roughly synonymous. The highest-loaded items on the Negativity factor include mad, hurt, bad, sad, horrible, upset, etc. Similarly, the Maturity items include mature, successful, caring, capable, accomplished, determined, responsible, and loving. Indeed, one could imagine that these factors might closely mirror markers of the Big Five. For example, in many ways Sociability resembles extraversion, Negativity overlaps with neuroticism, and Maturity parallels conscientiousness. However, the other factors provide no clear links to those of the Big Five.
3.2. Question #2: What are the psychometric properties of the personality dimensions?
Overall, 2.75% of the total words in the self-description essays included adjectives from the list based on the 7 primary factors. As can be seen in Table 3 , the base rate of adjective use was fairly evenly distributed across the factors. Not surprisingly, not all participants used adjectives from each of the categories. For example, 33.8% of the entire sample did not make reference to a Sociability adjective. Conversely, almost 90% of writers mentioned at least one adjective from the negativity factor. Across all 7 dimensions, only 4 of 1165 participants (0.03%) did not use a single adjective from any dimension and 12.8% used adjectives in all 7 categories. The mean number of categories for which individuals mentioned at least one adjective was 4.87 (SD = 1.47).
In order to ensure that our factor structure was not an artifact of our means of adjective selection, separate factor analyses were conducted on the 119 Saucier adjectives. There was a high degree of overlap in factor structure with the text-based adjectives. [Please see Appendix A for the factor structure of Saucier adjectives.] The scree analysis also suggested the use of 7 factors, which accounted for 12.6% of the variance. By and large, the Saucier factors overlapped considerably with the factors of the text-based approach. Regression-based factor scores were computed. The correlations between the regressionbased factor score means of similar factors averaged r = .67 (ranging from .53 to .80). A couple factors from the Saucier analyses overlapped somewhat with the the text-based factors but their boundaries were blurred, such that Factor 4 from the Saucier analyses Finally, in order to see if the factors represent topics that could be observed in participants at some distant time when completing a different, more open-ended task, the same adjective categories that were derived from the self-descriptive essays were applied to stream of consciousness essays using LIWC. Such an analysis allowed us to determine the degree that participants tended to use the same groups of adjectives across time and topic. As depicted in the righthand column of Table 3 , the cross-essay reliabilities were low but statistically significant (based on simple Pearson correlations, two-tailed tests). Remarkably, these analyses showed that the factors represent topics or words that were salient to the participants in two different open-ended tasks over time.
3.3. Question #3: How are the self-concept dimensions related to other known self-report measures?
Over the course of the semester, students completed a series of questionnaires that tapped the Big Five, depression, and various demographic dimensions. Results from the questionnaires as well as test grades were correlated with the adjectives derived from the text-based adjective factor analyses. Due to the large number of comparisons, a more stringent p level was adopted for significance tests (p 6 .001).
Although some of the empirically derived adjective factors were conceptually similar to some of the five factor traits, they were only weakly related to the Big Five Inventory (BFI) dimensions. As can be seen in Table 4 , the significant correlations (p 6 .001) between BFI dimensions and the text-based factor scores are conceptually related. For example, the Sociability factor was negatively related to extraversion. That is, people who think about sociability and who use words such as friendly and shy rate themselves low in extraversion. Whereas introverted people were more likely to describe whether or not they relate, extroverted people were more likely to discuss ways of relating, using more words from the SelfAcceptance factor, and marginally more words from the Fitting In and Maturity factors (p 6 .01). Those high in neuroticism tended to score higher in Negativity (using words such as sad, lonely, and angry) and Evaluation (e.g., ugly, attractive, fat, and beautiful). Previous studies have documented the relations of neuroticism with perfectionism (Hill, McIntire, & Bacharach, 1997) , greater engagement in lower visibility behaviors (e.g., negative inner thought processing), and self-evaluation (Funder & Dobroth, 1987) . These findings also confirm previous research that those high on neuroticism tend to use more negative emotion words across contexts (Pennebaker & King, 1999) .
It has previously been found that people high on conscientiousness tend to use more positive emotion words (e.g., Pennebaker & King, 1999) . Indeed, in this study, we found that conscientiousness had a positive correlation with Maturity (r = .13, p < .001). The more that people talked about being capable, caring, and successful, the more conscientiousness they were.
Although the Big Five openness factor and our own Fitting In factor both describe unconventionality, they were not significantly correlated. None of our factors derived from adjective use were significantly correlated with openness or agreeableness.
Correlations between demographic variables (e.g., age, sex, SAT scores, grades, and depression) and the adjective factors can be seen in Table 5 . Again, the correlations are modest. Whereas no variables are significantly correlated with age, sex of participants was correlated with 4 of the seven factors. Overall, women were higher in Sociability, Negativity, Self-Acceptance, and Psychological Stability. Not surprisingly, Negativity was correlated with depression. Finally, the Psychological Stability factor was correlated with higher grades in the course as well as higher self-reported SAT scores.
Taken together, the text-based adjective factor approach provides a novel method by which to think about self-concepts. The factors are coherent and are modestly linked to recent trait approaches, such as the Big Five. More striking, however, is the fact that several of the factors reflect a Kelley-esque personality approach. That is, they suggest that individuals are thinking along certain dimensions.
Despite the promise of the adjective approach, a number of shortcomings are immediately apparent. Perhaps most troublesome is that adjectives are used at surprisingly low rates when individuals are describing themselves. The typical student wrote 544.5 words (SD = 222.4) in 20 min of which fewer than 3% were adjectives. In short, the average student only used 13.3 adjectives (SD = 7.07) from our adjective list. As Table 2 suggested, the base rate for adjective use was quite low, resulting in fairly unstable individual scores. However, the adjective factors that were derived from the self-descriptive essays were modestly but significantly correlated with their use in stream of consciousness essays that were written 2 months earlier.
An alternative way of thinking is to expand the meaning extraction strategy to the use of all content-relevant words in the self-descriptive essays. In doing so, we are making the assumption that the self-concept reflects the totality of word usage rather than just adjectives per se. As noted in the introduction, such an assumption is consistent with other lexical research suggesting that person descriptive attributes and traits are encoded in other Table 6 Content words factor structure: a varimax-rotated principal-components analysis (see Table 2 parts of speech (nouns, verbs, and adverbs). It is also consistent with research that examines social roles, belongings, goals or actions as important determinants or reflections of self-concepts.
Question #4: Can self-concept dimensions be inferred from the analysis of content words?
Recall that we sought to examine the factor structure of all content words used in the selfdescriptions rather than just adjectives alone. Diagnostic tests indicated that a factor analysis was appropriate for the data, (KMO = .50, Bartlett's test of sphericity = 16,619.4, p < .001). Based on a scree of eigenvalues for the principal components analyses of content word use in the self-descriptions, nine factors were extracted. The factors were rotated with varimax rotation. All further analyses are based on these rotated factors. The first nine factors accounted for 8.97% of the total variance. Factor loadings of 0.20 or higher were retained.
As can be seen in Table 6 , the nine factor solution yielded a set of coherent dimensions, some of which resembled those found in the factor analysis of adjectives. Specifically, Factors 3 and 5 of the content words analysis had similar but more elaborate themes to the Evaluation and Sociability factors from the factor analysis of adjectives. Factor 4 resembled the Sociability factor in the adjectival analysis. Adjectives describing sociability (e.g., quiet, outgoing, shy) loaded positively with words describing social situations and interactions such as conversation, comfort, group, hang, meet, party, and trust.
[Please see Appendix C for a correlation table of the inductive adjective factors and the content word factors.] Some of the factors in the content words analysis were related to specific domains. For example, Factor 1 (Appearance), 2 (Education), and 5 (Relationships). These factors largely consisted of words (i.e., colors and nouns) that were not adjective person descriptors per se, but formed coherent factors that described different domains. For example, Factor 2, labeled Education, comprised words describing school and career. Indeed, school was the strongest loading onto this factor. Other words included UT (short for University of Texas at Austin), class, job, major, study, and work. Interestingly, when people talked about this topic, they tended to use an assortment of words indicating level in school or time markers such as elementary, freshman, junior, middle, old, semester, start, and summer.
Other factors were concerned with either more mundane or more abstract themes such as 6 (Daily Activities), 7 (Ambition), and 8 (Existentialism). These factors were largely composed of nouns and verbs that spanned present and future activities and goals, which is consistent with the notion that temporally distant selves are often integrated into the self-concept (e.g., Ross & Buehler, 2004) . Factor 6 consisted of a group of words describing common activities (e.g., eat, read, sleep, and study), their associated objects (e.g., class, movie, music, and test), and proximal time markers (e.g., day, hour, morning, and week). Apparently, some people view their daily activities as central to the description of who they are. On the other hand, Factor 8 consisted of words indicating that participants were reflecting on defining the self on a more abstract level, and was labeled Existentialism. Words included aware, define, experience, human, identity, question, and society.
Factor 9 was slightly odd because it included an equal mix of both positively and negatively loaded words. The group of words that loaded positively onto this factor indicated that participants were following the task instructions precisely (e.g., face, look, mirror, and see). Those words that loaded negatively onto this factor described life outside of the academic domain, (e.g., athlete, Christian, church, drink, God, and music). This factor was labeled Reflection/Interests.
Overall, 18.1% of the total words in the self-description essays included words from the list based on the 9 content word factors. As can be seen in Table 7 , there was a higher proportion of respondents in each factor who mentioned at least one word from that factor. The words in the Evaluation dimension comprised an average of 5.35% of the words in the self-descriptions. Not surprisingly then, almost all participants (99.9%) used a word from the Evaluation dimension. Although words in the Existentialism were used much less, comprising a mean rate of 0.36% of words in self-descriptions, 74.4% of respondents mentioned at least one word in the Existentialism dimension. Across all dimensions, all participants used words from at least 2 of these dimensions and 75.2% used words in all dimensions.
The reliabilities of word use across self-descriptions and stream of consciousness essays were slightly higher than those for the adjective based analysis, averaging r (1165) = .13, p < .01, and statistically significant except for Factor 6, Daily Activities, r (1165) = .06, p = .06 (based on simple Pearson correlations, two-tailed tests). Overall, the reliabilities were only slightly greater than those for the reliabilities of the adjective based factors. However, considering the unlimited ways in which we can convey our thoughts in language, it is striking that the same groups of words were used in an unrelated, more open-ended task months apart from the self-description task. Table 8 lists the significant (p 6 .001) correlations between regression-based factor scores and BFI scores. Extraversion was positively associated with the Relationships dimension, such that those who rated themselves high in extraversion were more likely to mention words regarding social roles and types of interactions. Those high in conscientiousness were less likely to use words in the Evaluation dimension, while those high in neuroticism were more likely to use words in the Evaluation dimension. Openness was positively associated with Daily Activities and Existentialism.
As depicted in Table 9 , there were several statistically significant correlations of the content word regression-based factor scores with sex, depression, SAT scores, and classroom test performance in the course. In line with previous theorizing that women have a more relational orientation than do men (Bakan, 1966) , women scored higher in relationship topics, such as Sociability and Relationships. Men scored higher in Existentialism. The more depressed respondents were, the more likely they were to score higher in Evaluation, Daily Activities, and Reflection/Interests, and to score lower in Education. Higher grades were associated with Sociability and Existentialism. SAT scores were associated with Daily Activities and Existentialism.
General discussion
In the present study, several automated language tools were used to examine everyday natural language to assess self-concepts. Like previous studies using the lexical approach, our analyses were based on adjectives that people used to describe themselves. Consistent with an idiographic approach, the adjectives were defined by those words that people ordinarily use rather than those defined by experimenters in a pre-designed questionnaire. As an extension of this method, we examined the patterns of use of all content words (i.e., adjectives, adverbs, nouns, and verbs) in self-descriptions. Using this computer-based lexical strategy, we have found a way to inductively determine the lexical structure of natural text among people describing their self-concepts. Factor analyses on word use yielded coherent word clusters that suggest latent dimensions of self-concepts within the context of the writing assignment of the participants. 1 Table 9 Correlations of content word factors with demographic variables, depression, and academic achievement Factor Age (n = 744) Sex (n = 1151) BDI (n = 787) Final grade (n = 1149) SAT (n = 577) Note. Sex is scored, 1 = male, 2 = female; BDI, Beck Depression Inventory score; Final Grade, Final test grade in the introductory psychology course in which students were enrolled when they completed the selfdescription task; SAT, self-reported Scholastic Aptitude Test score. Significant correlations are in bold: * p 6 .001, + p 6 .01.
1 Just as factor analysis is able to group questionnaire items that go together to summarize a concept, our method captures words that go together to summarize a concept. In our method, however, our respondents are the ones who define the ''items'' (i.e., words) that make up a factor. The fact that there are commonalities among people in the way that they use words suggests that we are capturing the common ways that people think about particular topics. The tables in Appendices D, E, F, and G are the factor structures that result when analyzing the first-half and the second-half of the self-descriptive essays separately. The factor loadings are highly similar in the first-half and in the second-half of the essays; the general concepts (or factor labels) are the same. Taken together, these tables suggest that people are more likely to mention a word in the same semantic category as the one they are currently in, leading to correlations among the words in that domain. The fact that a group of people talk about self-relevant topics in such ''runs'', and that we are able to inductively characterize those common ''runs'' gets at the very heart of content analysis (i.e., we are characterizing a concept's properties across a corpus).
When the most commonly used adjectives were examined, seven categories appeared. These were labeled Sociability, Evaluation, Negativity, Self-Acceptance, Fitting In, Psychological Stability and Maturity. People who mentioned ugly were also likely to mention attractive; people who mentioned shy were also likely to mention outgoing; people who mentioned weird were also likely to mention normal. The use of semantically opposed words on a single factor resembled the dimension-like thinking in Kelly's personal constructs (Kelly, 1955) .
In many ways, evidence of this dimensional thinking is quite significant. Consider, for example, individuals who are high on the Evaluation dimension. People who are constantly evaluating themselves and others along the dimension of thin and fat, or attractive and unattractive are approaching the world very differently from those who simply don't think about these dimensions. As the self-reports hint, these people may actually not consider themselves extremely attractive or unattractive, underweight or overweight. However, their overt behaviors may well reflect this dimensional thinking-they are likely to talk to others about these topics, buy products, watch movies, etc. all oriented to this topic. In line with Kelly, then, dimensional thinking may have significant behavioral correlates. Unfortunately, the current study did not sample a broad range of behaviors that might be relevant.
When all content words were considered, nine categories appeared, some of which were represented in the adjective-based factor structure. Using all content words is recommended for future studies using this meaning extraction method since it allowed the examination of other parts of speech and domains in which the self can be expressed, and greater context with which to interpret a factor.
When asked to type their thoughts as they occurred in a stream of consciousness essay 2 months earlier, participants wrote about similar actions, objects, and attributes that they included in an open-ended self-description. The reliabilities of category use across the selfdescriptions and the stream of consciousness essays were fairly low, as expected for word use in general, but most were highly significant. The factors captured salient, chronically activated concepts that were somewhat stable over time and situation. By many definitions of personality, it seems that the meaning extraction method produced factors that captured personality. More specifically, it seems that the meaning extraction method captured personality at the level of personal concerns, which McAdams (1995) describes as the level of personality at which we really begin to know a person's motivations, interests, and values.
Comparisons with the traditional lexical hypothesis and the Big Five
The factor structures derived from open-ended self-descriptions did not parallel that of the Big Five for two main reasons: adjective sampling and response format.
The lexical hypothesis assumes that the most important and widespread personality attributes will become encoded as a single word, which supports the study of word usage in personality research. The lexical hypothesis also assumes that the importance of a particular attribute is indicated by its representation in language (Saucier & Goldberg, 1996) . The Big Five lexical approach had taken adjective codings and categorizations as the basis for determining a word's suitability for inclusion in rating scales. By counting adjective use in free descriptions of personality, we were able to determine the most representative adjectives for our sample. Our inductively selected adjective factor structure, however, was almost identical to that of the high-familiarity adjectives used in the derivation of the Big Five-but only when considering those high-familiarity adjectives that were actually used at a high frequency in our sample of free descriptions. Thus, our adjective sampling procedure, intended to follow more precisely from the assumptions of the lexical hypothesis, resulted in a slightly different factor structure than that of the Big Five.
By asking people open-ended questions about their selves, respondents were able to generate and define the categories or dimensions that were most salient, or chronically activated in them in a format (i.e., free descriptions) that was more familiar than typical Likert rating scales. The information gleaned from this 'spontaneous' approach provides information different from that of a traditional 'reactive' approach (as in the traditional rating scales assessing the Big Five dimensions), where respondents must provide ratings of stimuli supplied by the experimenter (cf. Chaplin & John, 1989) . The 'spontaneous' approach, combined with the text analytic strategy presented here, produced patterns that occur in everyday natural language use (personality as ''doing''). On the other hand, the factors derived from the Big Five 'reactive' approach reflect patterns in adjective ratings on self-conscious self-report scales (personality as ''having'').
Limitations
There are several limitations to the data used in the current study. First, the sample presents limitations on generalizing to a wider population; the sample was made up of college students from Introductory Psychology classes at a single university in the United States. How one perceives the world and one's self are based on unique experiences (Kelly, 1955) . Presumably, then, the dimensions along which people carve up the world would differ based on several aspects of demographics, geographic locations, and situations among other variables. There are regularities in the way that people construct their worlds that can be captured with the technique used in this study. However, a project with a representative sampling of a wider population is warranted. Such a sample may result in a factor structure that is more similar to the Big Five because more adjectives used in the derivation of the Big Five may occur more frequently in free descriptions of the wider population, or it may uncover different domains that are considered when people describe themselves.
Another limitation of the data was that the instructions required participants to first look in the mirror as a method of self-reflection, and then to write about themselves. Depending on whether participants interpreted the instructions literally or figuratively, varying degrees of physical descriptions were included in the self-descriptions. In order for all participants to assess personality free from a physical appearance perspective, the present study should be repeated using more concise instructions that ask for an openended description of the self as the participant interprets it. In other words, it should be left to the participant to choose whether or not to include physical descriptors in their description of their personality.
Future research directions
Compared to taking Likert-rating scales of personality, descriptions of personality are more common in everyday life, across generations, social classes and cultures. Not only are they universally more frequent than typical personality questionnaires, but for most people, personality descriptions carry more meaning in our day to day lives than do the numbers we score on personality scales. Personality descriptions influence how we react to people, and how people make attributions about our past behaviors and make projections about our futures (cf. Donahue, 1992) . For these reasons, it is important to study the structure of open-ended self-descriptions. With automated analyses, such as the meaning extraction method introduced here, it is now possible to determine the dimensions along which people think about themselves.
Could we get the same information by simply asking people to list the traits that they think are important to understanding their personality? The personality of others? Personality in general? Perceiving in general? An easy way to establish the range of perspective we are looking at in the factors derived using this technique is to ask people to describe their personality, describe the personalities of several targets, and to describe personality in general. Any commonalities or discrepancies in the various descriptions would help to determine if this method is best described as capturing a perspective of one's own unique personality vs. a perspective of personalities in general (e.g., Kenny, Mohr, & Levesque, 2001) .
One area in which the application of the meaning extraction method would be useful is in cross-cultural psychology. Culture, and especially language, plays a large role in defining how one perceives the world (e.g., Slobin, 1996) . People within a culture will more likely have similar views as compared to people across cultures. Large differences in the factors or personal constructs that people use to describe themselves in different languages may result. Emic tests examining salient dimensions in free descriptions can be conducted and then compared across cultures. To the degree that the rates of use of each persondescriptor differ across languages, or are only encoded in a single-language, differences in factors are expected to occur (Peabody & Goldberg, 1989) . Importantly, this method can be conducted on non-English language samples, with interpretation or translation taking place only at the end of all analyses, instead of in the importation or construction of questionnaires.
This technique can be applied to other types of natural language data. For example, it can give us a broad picture of how various historical figures and important people living today have thought about themselves by examining autobiographies, blogs, diaries, and lifestories without the time and labor required in traditional content coding. Beyond the expression of personality, the meaning extraction method can inform us of the patterns in any given text. For example, due to known interview biases and influences, there has been an increased need for open-ended or semi-structured assessment methods with an empirical basis (Blackman & Funder, 2002; Westen & Weinberger, 2004 , 2005 . For example, clinical intake interviews often begin with open-ended descriptions of symptoms, relationships, and events (Westen & Muderrisoglu, 2003) . Similarly, it is recommended that witnesses and suspects in criminal cases be allowed to freely describe and elaborate on suspects, victims, and/or events before any questioning is allowed (Vrij, 2004; Vrij, Mann, & Fisher, 2006) . By examining the themes used by known clinical or criminal groups using the meaning extraction method, future statements can be assessed for such themes, without the use of leading or blind questions. Using the meaning extraction method, we can compare the viewpoints of multiple observers of other meaningfully validated stimuli along common dimensions. This technique can be applied to verbal descriptions of any stimuli, then be validated and standardized for diagnostic or predictive validity.
Conclusions
For psychologists, the strength of analyzing open-ended text is that it allows us to capture 'folk concepts', the way people talk about themselves and others in everyday language use (Gill, 2003; Gough, 1990) . On a broader level, it enables the examination of cultural patterns of thought and communication encoded in language (Slobin, 1996) . With the amount of verbal material readily available through various media, especially with the growing use of the Internet (Fraley, 2004; Pew Internet & American Life Project, 2003) , it is increasingly important for social scientists to consider new methods for analyzing verbal behavior as it naturally occurs. For personality and social psychologists, the Internet serves as an ecologically valid medium for examining personality (Gill, Oberlander, & Austin, 2006; Vazire & Gosling, 2004) .
Free descriptions of personality are common in everyday life. They serve as an excellent source to examine the idiographic nature of personality. With recent advancements in text analysis, we are now presented with the ability to efficiently calculate commonalities among these idiographic samples. We can then determine how individuals differ on these commonalities in a nomothetic fashion (Tellegen, 1993) . In this study of open-ended selfdescriptions, it was found that self-concepts are structured in a way that does not parallel the Big Five model. Lay descriptions of self-concepts were made up of dimensions that reflect salient, chronically-activated dimensions that are reliable over time. The text analytic procedure developed from this new lexical approach of natural language use can be extended beyond the study of personality, across a multitude of languages, for a variety of research questions. Note. The above words were the most frequently used content words in open-ended self-descriptions of personality that loaded greater than .20 in a factor analysis of their use in the secondhalf of self-descriptive essays.
